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How Can We Evaluate the Effectiveness of Grammar Schools in England? A 
Regression Discontinuity Approach 
 
Previous research evaluating grammar school effectiveness has generally relied on snapshot 
or longitudinal regression models to deal with pre-existing differences between grammar 
school pupils and those in non-selective schools. These passive designs are based on 
correlations, and cannot demonstrate clear positive causal relationships between grammar 
school attendance and subsequent attainment. After accounting for the variables available for 
the analysis, pupils in different schools might still have distinct and unmeasured 
characteristics which threaten the validity of any conclusions drawn. Given that a randomised 
trial is not feasible under current conditions, this study addresses the limitations of previous 
research, using a Regression Discontinuity Design (RDD) approach. This is the first use of 
RDD to attempt to make a robust causal inference about the effectiveness of grammar 
schools in one local authority in England. However, the authority, the Department for 
Education and the schools would not provide the individual data on pupils’ 11+ entry test 
scores, and the scores obtained could not be uniquely matched to Key Stage 4 outcomes. 
While the model presented suggests that there is an advantage to grammar school attendance, 
the incomplete data means the study is more a feasibility trial of this strong design than any 
kind of definitive test intended to settle the debate on grammar school effectiveness. 
Conducting this design with national data on grammar school selection would create the most 
powerful evidence so far. To promote an effective and equitable education system for 
generations, those advocating the expansion of grammar schools should make the responsible 
decision to disclose all grammar school selection data for the purposes of research. 
 




Grammar schools are probably the most controversial schools in England as they uniquely 
retain attainment-based selection in the comprehensive system. It is believed by the 
government that grammar school pupils outperform their counterparts in non-selective 
schools even after accounting for prior attainment (DfE, 2016). However, despite a plethora 
of evidence from both the government and researchers, grammar schools’ effectiveness 
remains unclear due to research relying on passive designs which are not conducive to causal 
inference. Most existing research has used statistical models to control for pre-existing 
differences between grammar school pupils and others. However, these estimations become 
biased whenever influential baseline variables between pupil groups are neglected, 
unavailable, or unmeasurable. When differences in later attainment emerge, it is unclear 
whether this is due to the school attended, or imperfections in the modelling process. To 
conduct a robust evaluation on the effectiveness of today’s grammar schools in England, this 
study applies a Regression Discontinuity Design (RDD) to compare the academic 
performance of grammar school pupils with those in non-selective mainstream state schools. 
An RDD approach is a strong alternative to a Randomised Control Trial (RCT) in making 
causal statements, and it does not rely on baseline variables for an accurate estimate (Lee & 
Lemieux, 2009). Thus, the RDD approach avoids the limitations of the regression models 
used in previous research. 
 
The remainder of the paper starts with the recent history grammar schools and previous 
studies. The methods section explains how secondary data were obtained, cleared and 
matched, and presents the process of identifying the treatment effect in one chosen local 
authority (LA). The findings present the estimation results in the RDD. Lastly, implications 
are given based on the estimation results, the feasibility of applying the RDD, and the tough 
process of accessing grammar school data.  
 
Political attempts at grammar school expansion 
Despite Labour’s 1998 ban on establishing new grammar schools, the effort to revive 
grammar schools has continued. In 2015, the Weald of Kent was allowed to establish an 
annexe 10 miles away, which is regarded as the first ‘new’ grammar school in 50 years 
(Coughlan, 2016). Since 2016, subsequent policies such as encouraging existing grammar 
schools to expand and allowing the conversion of non-selective schools into selective ones, 
has been released by the government to emphasise grammar schools’ role in raising national 
academic performance and helping the poor (DfE, 2016). However, the expansion of 
grammar schools has received resistance most noticeably from campaign groups (e.g. 
Comprehensive Future and the Kent Education Network) and academics due to concerns 
such as low academic benefits and impediments for disadvantaged pupils (Allen, Bartley & 
Nye, 2017). But the government’s effort to expand grammar schools has persisted (Harding, 
2017). In May 2018, the Department for Education announced a £50m expansion fund to 
create more grammar school places, and 4,000 new school places were planned (Sellgren, 
2018). While the number of grammar schools supported by the fund at this stage is small, the 
message emphasises the importance of grammar schools and the continued possibility of 
returning to the selective system.  
 
However, it remains unclear whether there is any benefit to the expansion, as well as the 
extent of such benefit if it exists. The government claims that expanding grammar schools 
has two major benefits—enhancing academic standards nationally and promoting social 
mobility. Both reasons are based on the perception that grammar schools are more effective 
than other state schools. Therefore, before addressing the ideological debate over who should 
  
be allocated more resources within the state system (whether to give more rewards for high-
performers to maximise excellence or to offer extra help to less advantaged pupils to protect 
equity), the most fundamental question is whether grammar schools are more effective than 
other mainstream state schools.  
 
The value-added approach and its limits 
Measuring school effectiveness is not an easy task. Schools have different intakes, and pupil 
characterises influence later learning outcomes. Although grammar schools usually have 
better test scores than other state schools, this may be a result of their advantaged intakes 
(Gorard & See, 2013). The search for a fair method to calculate a school’s net effect is 
ongoing. The most influential innovation was the Value-Added (VA) approach. Controlling 
for prior attainment, VA calculates pupils’ relative progress within a fixed duration (Leckie 
& Goldstein, 2017). Following this principle came a more complex approach, the Contextual 
Value-Added (CVA). CVA further controls for pupil’s contextual backgrounds, thus 
capturing factors such as socioeconomic status, gender and ethnicity, as these factors also 
influence later performance but are beyond schools’ control (Perry, 2016). The CVA 
approach is regarded as isolating the net effect of schools more thoroughly than VA, which 
alleviates the bias of unfairly assessing schools that serve disadvantaged pupils. 
 
Despite the robust logic of the VA/CVA approach, there are several challenges to its validity 
(Harker & Tymms, 2004). Firstly, the calculation is largely limited by the availability of 
background variables and the proportion of missing data. Even in high-quality databases such 
as the National Pupil Database (NPD), only around 70%-85% of pupils have complete data 
on attainment and contextual factors (Gorard & See, 2013). Secondly, the estimated 
VA/CVA scores are very unstable across time, and the correlation after 4 years may drop 
below 0.5 (Gorard, 2010; Leckie & Goldstein, 2017). Thirdly, even a very moderate rate of 
measurement error (e.g. 10%) in test scores would be accumulated to large errors, which 
could be 40 times larger than the estimation results (Gorard, 2010). Therefore, the bias of 
unmeasured pre-existing differences between pupils and measurement errors in baseline 
variables is considerable (Perry, 2016). Regardless of threats to the validity of VA/CVA, this 
approach has been widely used in the UK since 2002 (Leckie & Goldstein, 2017). 
 
Previous research on grammar school effectiveness applying the VA/CVA approach 
Following the principle of VA/CVA, researchers in England have evaluated the effectiveness 
of grammar schools. So far, the evidence is mixed, but some systematic patterns emerged. A 
common practice in each of the studies discussed below is to control for both pupil-level and 
school-level variables. The major differences have been found between those studies which 
account for school-level prior attainment, and those which do not. While the latter usually 
finds a positive grammar school effect, the former tends to report no difference between 
grammar schools and others (see Appendix 1 for details of these studies).  
 
Studies without controlling for school-level prior attainment 
For studies without school-level prior attainment, the general pattern of the estimated 
grammar school effect is positive. For example, Schagen and Schagen (2003) found larger 
progress in grammar schools from Key Stage 2 (KS2) to Key Stage 3 (KS3), and a small 
positive advantage from KS3 to Key Stage 4 (KS4) for average pupils. But for high-
performing pupils at KS3 (level 7 or above), there is no difference in progress associated with 
school type. A later study by Atkinson, Gregg, and McConnell (2006) concluded that 
grammar school pupils achieved four grades higher on capped GCSE than equivalent pupils 
in non-selective areas. Similarly, Levačić and Marsh (2007) noticed a six-grade advantage on 
  
total GCSE/GNVQ associated with grammar school attendance, but again the effect drops 
among high-attaining groups. Focusing on Buckinghamshire only, a positive result was found 
by Harris and Rose (2013) that grammar school pupils are 10% more likely to achieve 5 A*-
C on GCSE/GNVQ than equivalent pupils in non-selective schools. The differences in 
statistical models, outcome variables, and geographical areas between these studies 
complicate the comparison of results. However, in all of these studies, grammar school pupils 
made more progress than their counterparts in comprehensive schools and secondary modern 
schools.  
 
One exception is Gorard and Siddiqui’s (2018) study, which did not account for school-level 
prior attainment, but still found no positive grammar school effect. They noticed that adding 
‘whether a pupil went to a grammar school or not’ did not improve the fitness of the model 
for predicting capped GCSE results. This implies that grammar schools are no better than 
other schools. Unlike previous research using binary indicators of Free School Meals (FSM) 
eligibility, they calculated the total years of being eligible for FSM. Since this new variable 
carries more information than traditional ones, it may be more powerful in removing 
unmeasured differences between grammar school pupils and others, thus reducing the 
estimated effect of grammar schools.  
 
Studies controlling for school-level prior attainment 
The most extensive attempt at evaluating grammar schools’ effectiveness is that of Coe et al. 
(2008). Based on both a systematic review of previous research and their own analysis, they 
concluded that pupils in grammar school might have an advantage of 0 to 3/4 of a GCSE 
grade per subject. The wide variance in the estimated effect is primarily the result of the 
choice of baseline variables. If regression models only control for pupil-level variables, the 
estimates are substantially positive (reaching 0.75 grade per subject at most). However, once 
school-level variables, which include prior attainment, proportion of FSM, the Income 
Deprivation Affecting Children Index (IDACI), and single-sex status, are also controlled for, 
the difference between grammar schools and others drops to around 0. Coe and his colleagues 
(2008) believed that the lower end of the grammar school effect is more reliable than 
substantially positive results, since grammar school pupils have already progressed more than 
their peers, prior to attending secondary schools. The conclusion thus presents salient 
differences from most studies discussed in the previous section which also controlled for 
pupil-level and some school-level variables, but omitted school-level prior attainment.  
 
The choice of controlling for school-level prior attainment or not 
The substantially decreased grammar school effect when school-level prior attainment is 
added is not surprising. One of the most distinct features of grammar schools is their high 
school-level prior attainment by design. Therefore, it is possible that accounting for school-
level prior attainment removes genuine difference between schools. The issue of over-
correction appears whenever beneficial school actions correlate with advantaged intakes 
(Visscher, 2001). For example, schools with better high average prior attainment may have 
more aspirational norms and high academic expectations, and they are also more likely to 
attract high-qualified teachers and managers. Since these positive factors all contribute to 
academic success, accounting for school-level prior attainment is likely to underestimates the 
real effect of grammar schools. However, there are also supporting claims that controlling for 
school-level prior attainment creates more accurate results. It is possible that adding this 
variable removes more unmeasured differences between pupil groups, differences which are 
not sufficiently accounted for by pupil-level surface variables or other school-level 
compositional variables (Coe et al., 2008). More importantly, adding school-level prior 
  
attainment is believed to correct measurement errors in baseline variables which otherwise 
upwardly bias the effectiveness of more advantaged schools (Perry, 2019). Based on this 
finding, Perry (2019) concluded that models without accounting for school-level prior 
attainment present a ‘phantom’ grammar school effect. Overall, these contradictory 
consequences of controlling for school-level prior attainment can be correct to some extent 
simultaneously. Since we don’t know the exact reason why the estimated school effectiveness 
is different before and after school-level prior attainment is added, it is hard to tell which 
model creates more accurate results.  
 
Due to the correlational nature of the VA/CVA approach, the choice of baseline variables is 
always difficult and there is no perfect solution (Visscher, 2001). However, although 
previous studies do not reach a consensus on the effectiveness of grammar schools, their 
results provide the lower and upper bounds of the potential real effect. The mixed evidence 
suggests that grammar schools may perform better than other state schools, yet we are unsure 
to what extent.   
 
The RDD approach and its application in the effectiveness of grammar schools  
The most robust approach to make a causal inference is to conduct an RCT (Shadish, Cook, 
& Campbell, 2002). However, in school effectiveness research, pupils cannot be allocated 
randomly to different pathways. As a strong alternative to an RCT, the function of an RDD is 
similar. In an RDD, participants are allocated to either the treatment or the control group 
according to the cut-off point of a continuous assignment variable. Only those who reach the 
cut-off point are given the treatment. If participants’ assignment variables could not be 
manipulated precisely, their chances of just making it or just missing it can be regarded as 
locally random (Lee & Lemieux, 2009). This process solves the problem of pre-existing 
differences between the treatment and control group. 
 
While there have been fruitful applications of RDDs for school effectiveness (e.g. Gibbons, 
Machin, & Silva, 2013; Luyten, Tymms, & Jones, 2009), only one study has used this design 
to evaluate grammar schools in England. Clark (2010) focused on grammar schools in East 
Riding and detected a small grammar school effect in Year 9 test scores, which is 7% higher 
than pupils just below the cut-off point. Meanwhile, there is also a positive impact on Higher 
Education participation, the rate of which is 6% (Clark, 2010). However, this study applied 
data in the late 1960s, when the transformation of comprehensive schooling was prevalent. 
Data collected decades ago raises doubts on the external validity of this research in the 
present (Coe et al., 2008).  
 
Generalisability of the RDD  
The generalisability of the effect of grammar schools in the RDD approach is important both 
in terms of methods and policy. While the RDD approach is considered as a strong 
alternative to an RCT, the localised nature of this design makes its generalisability from the 
cut-off point to the whole data range a concern (Bloom & Porter, 2012). This is especially 
relevant to grammar schools as the treatment effect may be heterogeneous at different data 
points. Previous studies have demonstrated that grammar school attendance is more 
beneficial for pupils with lower attainment, presenting differential school effectiveness 
(Atkinson, Gregg, & McConnell, 2006; Levačić & Marsh, 2007). This means the treatment 
effect of grammar schools may be inconsistent across performance levels. Thus, we might 
expect the result at the cut-off point to be larger than at higher points. However, even if the 
estimate is only relevant to borderline pupils, the result is still meaningful because the 
expansion of grammar schools would also have the most influence on borderline pupils. 
  
While attending grammar schools might be beneficial (e.g. highly-qualified teachers and 
better resources), there are also concerns such the negative self-perception resulting from the 
big-fish-little-pond effect (Marsh, 1987). Due to the mixed evidence in previous studies of 
grammar schools’ effectiveness, an estimation based on borderline pupils is thus important 
for its own sake. 
 
Despite the potential limits of the RDD approach, researchers have also found evidence 
contrary to the pessimistic perception of the low generalisability of RDD (Bloom & Porter, 
2012). According to Lee and Lemieux (2009), the discontinuity at the cut-off is a weighted 
average effect across all observations, and the weight calculates an individual’s probability of 
being located near the cut-off point. Therefore, the estimate is relevant to all the observations, 
and the strength of relevance is influenced by the rate of noise in the assignment variable. 
Larger errors in the assignment variable create a more heterogeneous pupil group near the 
cut-off point, increasing generalisability (Jacob et al., 2012). There is no public information 
on the quality of the 11+ test, but previous research in Northern Ireland has pointed out the 
low reliability of the 11+ (Gardner & Cowan, 2000). The larger error contained in the test 
score means that pupils with different aptitudes may score equally-well on the 11+, and thus 
have a similar probability of being located near the cut-off point. In this case, the results at 
the cut-off point would be closer to the overall average treatment effect and more relevant to 
pupils at higher points. 
 
The external validity of the study also warrants discussion. The proportion of grammar 
school places varies across LAs, ranging from about 1% to over 30%. The unbalanced 
chances to attend grammar school leads to variation in selection difficulty across local areas 
(Coe et al., 2008). Additionally, grammar schools in different LAs also vary in ethnic mix 
and the underrepresentation rate of disadvantaged pupils. Therefore, the results of the chosen 
LA in this study might have limited similarity to other LAs, and the findings should not be 
regarded as the effect of grammar schools in the national scope. Beyond geographic 
differences, caution is also needed when generalising the findings to grammar schools in 
other historical periods, because the nature of grammar schools has changed over the years.  
 
In summary, while the generalisability of the RDD has some constraints, it does not effect its 
strong ability in making causal inferences. Based on the limitation of regression models 
controlling for baseline variables in evaluating grammar school effectiveness, the 
impossibility of applying an RCT, and the lack of evidence from research applying designs 
which are strong enough to make a causal inference, this new study solves these limitations 
by using an RDD.  
 
Methods 
The process of selecting pupils into grammar schools 
England has no national system of selecting pupils into grammar schools, and each area has 
its own selection process. The analysis in this study only focuses on one LA in England, 
where the overall proportion of grammar school places is high. In this LA, eligibility for 
grammar school attendance is primarily decided by the 11+. In 2011, the 11+ in this LA 
included three subjects. In order to be eligible to attend grammar school, pupils not only had 
to cross the threshold in total score (360/420), but also the minimum requirement for each 
individual subject. Apart from the formal test, head teachers of primary schools can appeal if 




The theoretical framework of RDD design  
The basis of a valid RDD is that the allocation of participants into the treatment or the control 
group is decided by the cut-off point of an assignment variable. While participants who made 
the threshold are given the treatment, those who just missed the cut-off are not. As the values 
of the assignment variable are similar among participants in the neighbourhood of the cut-off 
point, a comparison of the outcome variable can attribute any discontinuity at the cut-off 
point to the treatment (Lee & Lemieux, 2009). 
 
In the ideal ‘sharp’ RDD, all individuals who have passed the cut-off point would get the 
treatment and those who have missed it would not. However, in reality, it is more common to 
encounter programmes with imperfect compliance and programmes in which the eligibility to 
get the treatment is not decided by one assignment factor alone. This means an individual 
who reaches the threshold may not get the treatment (‘no shows’), while one who does not 
reach the threshold may in fact get it (‘crossovers’). For example, there might be some pupils 
who did not achieve a passing score on the 11+, but still attended grammar schools. 
Inversely, it is also reasonable that not all pupils who passed the selection attended grammar 
schools. These situations are categorised as ‘fuzzy’ RDDs, which are similar to an RCT with 
imperfect compliance (Lee & Lemieux, 2009, 23). 
 
The selection process for grammar schools in our sample LA is a typical ‘fuzzy’ RDD, in 
which the total score on the 11+ is not the only factor deciding grammar schools’ eligibility. 
Pupils’ test scores on the three individual subjects of the 11+, and the Head Teacher Panel, 




According to the definition of the treatment effect in a ‘fuzzy’ RDD (Jacob et al., 2012; Lee 
& Lemieux, 2009), the estimation can be written as: 
𝑌𝑖 = α + β𝑇𝑖 + 𝑓(𝑋𝑖) + 𝑢𝑖,                                             (1) 
𝑇𝑖 = 𝛾 + 𝛿𝐷𝑖 + 𝑔(𝑋𝑖) + 𝑣𝑖,                                            (2) 
where 𝑌𝑖 is the outcome measure for each individual i; 𝑇𝑖 is the treatment dummy; 𝑋𝑖 is the 
assignment variable (𝑋𝑖=0 is the cut-off point); 𝐷𝑖 is the binary indicator of whether 
individual i reached the cut-off point (𝐷𝑖=1 if 𝑋𝑖 ≥ 0); 𝑢𝑖 and 𝑣𝑖 are the random error for 
each individual. The effect of attending grammar schools which needs to be estimated equals 
β. To make it easier to understand, these two equations can be simplified as: 
KS4 performance = grammar school effect * grammar school or not + 
the effect of prior attainment, 
Grammar school or not = compliance rate * passed threshold or not +  
the effect of prior attainment   
 
The treatment effect in the ‘fuzzy’ RDD revealed in equation (1) and (2) is consistent with a 
standard instrumental variable setting, and thus it can be estimated using a Two-Stage Least 
Squares (2SLS) model (Hahn, Todd, & van der Klaauw, 2001). The parametric approach 
involves finding appropriate regression lines to fit data points. A correct estimation thus 
requires accurately modelling the relationship between KS4 performance and prior 
attainment (𝑓(𝑋𝑖)), and the relationship between the ‘grammar school or not’ and prior 
attainment (𝑔(𝑋𝑖)). For example, if the relationship between prior and later attainment can be 
graphically presented as a straight line, then a linear functional form can be used as 𝑓(𝑋𝑖). 
However, although it is a widespread practice to use a linear function to depict the 
relationship between prior and later attainment, the actual relationship between these two 
  
variables may be a curve line, as it could be harder to make equivalent progress at a high 
level than at lower ones. Therefore, quadratic function forms are also fitted in this study to 
avoid misspecification. Meanwhile, the slopes of the regression lines are also allowed to vary 
on two sides of the cut-off point. To comply with the calculation rule of the 2SLS analysis, 
the same type of regression line is used for both equations (Lee & Lemieux, 2009). More 
details of identifying the treatment effect are attached in Appendix 2.  
 
Apart from the parametric approach, which finds regression lines to fit data, the estimation of 
the treatment effect can also be realised through the non-parametric approach, which selects 
data to fit regression lines. The non-parametric approach applies local linear regression to 
depict the relationship between explanatory and outcome variables. While the overall pattern 
between these variables may not be linear, if we only select data points within a small range, 
it is likely to see a linear relationship (Hahn, Todd, & van der Klaauw, 2001). Therefore, 
unlike the parametric approach which makes an estimation based on all the data, the non-
parametric approach only uses data within a limited range. Since the estimation of interest in 
this study is at the cut-off point, data should also be selected on both sides of the cut-off 
point. The range of selected data on each side of the cut-off point is also referred to as a 
‘bandwidth’, and an accurate estimation heavily depends on choosing a right bandwidth. 
Instead of using visual inspection, the optimal data bandwidth is calculated according to the 
data-driven algorithm proposed by Imbens and Kalyanaraman (2012). To avoid redundancy, 
the same bandwidth is used on both sides of the cut-off point, and in equations (1) and (2) 
(Imbens & Lemieux, 2008). Despite the different calculation processes, the non-parametric 
estimate should be similar to the estimate in the parametric approach. It is thus used as the 
complimentary approach to the parametric estimation. 
 
In this study, the treatment effect of interest is the effectiveness of grammar schools 
compared with non-selective mainstream state secondary schools. The outcome variable used 
as the indicator of school effectiveness is the capped GCSE point score at KS4. According to 
the Secondary Accountability Measures (DfE, 2018), the highest point score for a GCSE 
subject in 2017 was 8.5 (A*). The interval between each grade is 1.5 point score for A*-C 
grades and 1 point score for C-E grades. This means the highest possible capped GCSE point 
score for each individual is 68. However, there were 53 pupils in the sample who achieved 
GCSE results higher than this. A similar situation has been encountered by Coe et al. (2008), 
who noted that comparisons between schools would not be affected since the point score 
scale is consistent for all (p. 200). As the total test score on the 11+ is the major factor 
deciding pupils’ eligibility to attend grammar schools, it is centered at the lowest passing 
score and set as the assignment variable (point 0 is the cut-off point). The value of the 
assignment variable ranges from -140 to 60, but there are only about 10% of pupils scored 
lower than -60. An important premise of a valid RD design is participants’ inability to 
precisely control the assignment variable (Lee & Lemieux, 2009). This condition can be 
easily met on the 11+ as the passing score of the 11+ may change each year. 
 
Based on the principle of the RDD, baseline covariates are believed to be randomly   
distributed in the treatment and control group near the cut-off point. Thus, there is no need to 
control for these variables. However, the regression estimates between models with and 
without baseline variables are still compared to evaluate the internal validity of the design, as 
theoretically both types of models should yield similar results. A robustness check is also 
conducted by trimming the 10% outermost observations at both ends of the assignment 
variable. For privacy reasons, data points representing fewer than 5 cases are not presented in 
all the figures.  
  
 
The data set 
Absent from the NPD and all the major databases in England, the result of the 11+ is not 
publicly available. The 11+ data used in this study is provided by a local group, which 
includes 7,917 local pupils who sat the 11+ in this LA in 2011 (2011/2012 KS2 cohort). This 
file contains the 11+ test data, including test score for each subject, whether a pupil has been 
entered in the Head Teacher Panel, and the result of the selection. It also keeps a record of 
pupils’ backgrounds, including FSM status, ethnicity, IDACI, and KS2 average point score. 
While the 11+ file tells whether a pupil passed the selection, it provides no information on 
actual attendance. A comparison between the NPD and the 11+ file demonstrates that the 
total number of local pupils in grammar schools in the NPD is close to the number of local 
pupils in this LA who passed the selection as recorded in the 11+ file, with an attrition rate 
below 3%. This is a small number compared to the overall effect size as shown below. 
Therefore, the selection result in the 11+ file is used as the indicator of actual participation in 
grammar schools. 
 
Lacking any record of academic performance at later stages, the 11+ file is linked to the NPD 
data of the same cohort for the 2016/2017 GCSE results. However, since the 11+ data is 
anonymous (without any form of identifier), the 11+ file and the NPD data extract are 
matched through family backgrounds and KS2 attainment. While FSM status, ethnicity, KS2 
point score and school types can be exactly matched between the two files, IDACI scores are 
slightly different in the 11+ file and the NPD, which is thus matched with a 0.01 tolerance 
rate. Another problem which occurred in the matching process is duplicate cases of pupils 
who share the same combinations of all the available demographic and attainment variables. 
In order to make one-to-one unique matches between the two files, these duplicate cases are 
deleted. This process excludes 52% (4,119) of the total samples in the 11+ file. While this 
process might threaten the representativeness of the sample, it is the best available option due 
to the limited information in the 11+ file (alternative sampling strategies are discussed in 
Appendix 3). After data clearing, 2,628 valid cases in the 11+ file are matched to their NPD 
records, and 2,541 cases in the mainstream state schools are kept for the RDD analysis.  
 
It should be noted that typical RDDs do not involve matching. The complicated process of 
matching pupils’ prior attainment with later performance in this study is a result of the 
limited 11+ data in England. Cases omitted during the matching process imply that the 
estimation is not definitive, and the results are more about the feasibility of the RDD 
approach in causally evaluating the effectiveness of grammar schools. 
 
Descriptive results  
Limited by the 11+ data, only one LA is included for analysis. This LA has a large proportion 
of grammar school places, higher than the average rate of selective LAs. The KS2 and KS4 
results for grammar school pupils in this LA are lower than those of grammar schools in 
other LAs, but only slightly (about 3% lower). Despite this small difference, the overall 
proportion of FSM pupils in grammar schools in this LA is identical to the national mean of 
grammar schools, and the IDACI score is also similar to other selective LAs.  
 
As mentioned in the methods section, only about half of the valid cases in the 11+ files were 
included for analysis. Therefore, the characteristics of the selected sample are first contrasted 
with the original cohort in the 11+ file. As presented in Table 1, the characteristics of the 
sample group are similar to the population data in the 11+ file. This is apparent in terms of 
academic performance, as the KS2 performance and the 11+ test scores are nearly identical 
  
between the two groups. However, the population in the 11+ file has a more advantaged 
average IDACI score and a lower proportion of FSM pupils. In order to minimise the 
influence of the difference in IDACI and FSM between the sample and the population, 
analysis has also been done to randomly delete cases from the sample to keep the average 
IDACI score and the proportion of FSM pupils consistent with the 11+ file. However, the 
two sample sets yield similar results and lead to the same conclusion and the sample group is 
not trimmed further. 
 
Among the sample group, 40% (1,043) of the local pupils who sat the 11+ in 2011 were 
assessed as suitable to attend grammar schools. The difference between those who passed the 
selection and those who did not is clear, with the former having more advantageous results, 
both in terms of their academic performance at two key stages, and their demographic 
characteristics (Table 1). Despite the pre-existing differences between grammar school pupils 
and their counterparts, crossing the cut-off point does not cause simultaneous discontinuities 
in baseline variables. Figure 1 is an example of the similar demographic features of pupils 
just above and below the cut-off point. When the average IDACI score at each point of the 
assignment variable is plotted, neither the binned average value, nor the fitted regression 
lines, presents discontinuity at the cut-off point. This means there is no systematic difference 
in IDACI scores between pupils who just reached the threshold and those who just missed it. 
Other baseline variables, FSM and KS2 performance, are also similar to Figure 1. This 
proves the irrelevance of background variables in estimating the treatment effect at the cut-
off point in this study. 
 
In order to test the internal validity of the RDD further, the frequency of the assignment 
variable is also checked. If pupils can have accurate manipulation over the assignment 
variable, we could anticipate that the frequency just above the cut-off point would be higher 
than below the cut-off point. The frequency at each score is plotted in Figure 2. The graph 
shows a ceiling effect at the right end. Since 60 is the highest possible value in the 
assignment variable, it also contains pupils who might have achieved higher scores 
otherwise. Despite this outlier, the distribution of the assignment variable is smooth. There is 
no evidence that pupils can have full control over their test scores, with the frequencies just 
above and below the cut-off point being similar.  
 
Although the assignment variable is not the only deciding factor of pupils’ eligibility to 
attend grammar school, the jump in the probability of treatment is still strong at the cut-off 
point. As presented in Figure 3, the probability of passing the selection is near zero before 
point -10. The rate grows from point -10 and increases to about 0.4 at the cut-off point. The 
probability reaches 1 at point 13 and stabilises after point 30. Overall, the probability of 
going to grammar schools increased from near 0 to 1 within the small interval of -10 to 13.  
 
The relationship between the outcome variable and the assignment variable is also depicted. 
A visual inspection of the average GCSE results at each score of the assignment variable 
shows a positive correlation (Figure 4). The distribution on the left lower side is irregular, 
which is the result of the dearth of observations at these scores. Due to the concentrated 
points, a visual inspection of the raw data reveals little discontinuity in the outcome variable 
at the cut-off point. However, when observations are grouped into bins and the number of 
observations within each bin is represented by the size of the dot, a discontinuity at the cut-
off point is revealed (Figure 5). According to Figure 5, pupils in grammar schools with low 
11+ scores actually have similar GCSE results at KS4, despite differences in prior attainment. 
While this study is unable to reveal the exact reason, it is possible that some borderline 
  
grammar school pupils who performed less well on the 11+ day actually do better later than 
those with higher 11+ scores. The pattern might be related to the differential effectiveness of 
grammar schools as revealed in previous studies, which noted that grammar schools benefit 
borderline pupils the most (e.g. Atkinson, Gregg, & McConnell, 2006; Levačić & Marsh, 
2007). Based on these two figures, the following sections test whether the graphic 
discontinuity can be regarded as the treatment effect of grammar schools. 
 
Estimation results 
The parametric approach of RDD 
The result of the parametric approach is presented in Table 2. The first model calculates the 
treatment effect by fitting linear functions on both sides of the cut-off point, and in both 
stages of the regression in the 2SLS. The functional form used in the second model also 
includes interaction terms to allow slopes to vary on both side of the cut-off point (as 
described in the methods section). In the third and fourth models, quadratic and quadratic 
interaction functions are fitted. 
 
As shown in Panel A of Table 2, the estimates of the treatment effect vary when different 
functional forms are used. Based on the calculation of the first three models, the treatment 
effect is small. It is in fact negative in Model 2 and Model 3. Meanwhile, Model 4 not only 
has a much larger effect size, it also reveals that attending grammar schools is beneficial, 
which is about four GCSE point scores. This is equivalent to 0.57 C-E grade or 0.38 A*-C 
grade per GCSE subject.  
 
The real effect of grammar schools depends on which model presents a more convincing 
result. As shown in Panel A of Table 2 above, Model 4 has the highest R-square value, but 
the difference is subtle. However, when using the specification test suggested by Lee and 
Lemieux (2010), Model 4 is the only one that passes. This suggests that there is unexplained 
variability missing from Model 1-3. Meanwhile, Model 4 also yields the best result evaluated 
by the Akaike information criterion (AIC). While it is possible that when a functional form 
gives more parameters, the fitness of the model will inevitably increase, a graphic 
presentation also suggests the fitness of a quadratic interaction function (Figure 6). The 
estimate is supported by the robustness check and the non-parametric approach in later 
sections as well.  
 
In Model 5-8 (Panel B of Table 2), pupils’ FSM status, IDACI score and whether they speak 
English as an additional language (EAL) are included as baseline covariates. The distinct 
estimates between models are still clear when different functional forms are used, and 
including these baseline variables increases the effect size in each model without changing 
the direction. Overall, the results in Model 5-8 correspond to each of the models in Panel A. 
This means that whether or not the baseline variables in the RDD are included, the results are 
similar when the same functional form is applied.  
 
Robustness check of the parametric approach of RDD 
In order to assess whether the estimated treatment effect is sensitive to the changes in the data 
(especially cases with extremely high and low values in the assignment variable), a 
robustness check trimmed the 10% outmost data points at the two farthest ends of the 
assignment variable. The process thus excludes data points above 57 or below -77 in the 
assignment variable.  
 
  
Overall, the treatment estimates experienced some changes when observations with the 
highest and lowest values in the assignment variable were excluded (Table 3). The estimated 
treatment effects increased to about 2 point scores in Model 1-3. This was much larger than 
in the original models in Table 2, and the direction of the coefficient was also altered in 
Models 2 and 3. The results in Model 4 also grew, but only to a mild extent. After trimming 
10% of the cases, the treatment effect in Model 4 equals 5 point scores, which is close to the 
result (4.57) in the original model (Table 2). In Panel B, the robustness check was conducted 
on models with demographic variables. The estimated treatment effects remained close to 
Panel A, revealing again the irrelevance of including baseline variables in a valid RDD. 
However, the treatment effects in Model 5-7 are inconsistent with the original results in Table 
2, and Model 8 is the only one remaining close to its untrimmed result. Therefore, the 
unstable results in Model 1-3/ Model 5-7 and the similar results in Model 4/ Model 8 before 
and after the data trimming reveals the better fit of a quadratic interaction function in 
depicting the sample data again. Among all the functional forms, it is the least sensitive to the 
changes in the data.  
 
The non-parametric approach of RDD 
To confirm whether the treatment effect in the parametric approach is convincing, a non-
parametric approach using local data points within a bandwidth on both sides of the cut-off 
point was also applied. As mentioned previously, the optimal bandwidth was decided based 
on the calculation proposed by Imbens and Kalyanaraman (2012). According to this 
principle, the optimal bandwidth in this study is 41.3. Based on the non-parametric 
estimation, the treatment effect is 4.32, which is close to the parametric results (4.57) in 
Model 4 (Panel A of Table 2). When baseline covariates are included in the non-parametric 
approach, the estimated treatment effect grows slightly to 4.62. This is also similar to the 
corresponding parametric results (5.21) in Model 8 (Panel B of Table 2). Therefore, the non-
parametric approach yields results similar to those of the parametric approach using quadratic 
interaction functional forms.  
 
A sensitivity test of the non-parametric estimation was also conducted to assess how stable 
the results are when different bandwidths are used. As revealed in Figure 7, the non-
parametric estimation is negative when the bandwidth is below 20, which is the interval 
where the probability of getting the treatment spikes. The estimated treatment effect grows as 
the bandwidth widens, and stabilises around 4 point scores within a bandwidth of 30 to 50. 
The result decreases slightly after bandwidth 50, but remains positive until 60. Results of 
bandwidth larger than 60 are not presented, as it is already the largest possible size (the same 
bandwidth is selected on both sides of the cut-off point, and 60 is the maximum assignment 
value on the right side). Overall, the treatment effect based on the given optimal bandwidth is 
stable within a large interval. 
 
Generalisability of the estimated grammar school effect 
As discussed in previous sections, the degree of generalisability of the result at the cut-off 
point is largely related to the quality of the assignment variable. While it is not possible to 
know how close the estimation is from the overall average treatment effect, it is practical to 
examine the characteristics of pupils in the neighbourhood of the cut-off point. If the 
composition near the cut-off point is heterogeneous, the subgroup will be more similar to the 
population in the full data range, and the result at the cut-off can be applied to a wider scope. 
In order to see whether this subgroup is similar to the whole population, the KS2 test results 
of two groups are presented. For most of the pupils who scored right at the cut-off point in 
this study, their average KS2 points were 30 (42%) and 33 (54%). Meanwhile, the proportion 
  
of pupils in this LA with these two KS2 points is 47%. For pupils whose scores in the 
assignment variable are within a 10 interval of the cut-off point, the average KS2 points for 
the majority are 27 (10%), 30 (48%) and 33 (40%). This overlaps with the KS2 performance 
level of 77% of the pupils in this LA. While this may have been due to the low discriminative 
ability of KS2 points, the results are consistent when KS2 average marks are used for 
comparison. Therefore, the estimated treatment effect is at least relevant to pupils with the 
above mentioned KS2 academic levels. Meanwhile, if a differential grammar school effect 
exists, the grammar school effect could be less pronounced for pupils with high prior 
attainment (Atkinson, Gregg, & McConnell, 2006; Levačić & Marsh, 2007). In this case, the 
treatment effect estimated at the cut-off point in this study would be larger than the effect for 
pupils with higher KS2 attainment, especially for those who scored above 33.  
 
Based on the evaluation of pupils’ attainment and background characteristics, the intake of 
grammar schools in this LA is similar to other selective LAs. However, due to the imbalance 
in grammar school places and different selection processes in each area, the nature of 
grammar schools in this LA may still differ from others. Since the content and threshold of 
the selection test varies across LAs, the discontinuity gap in this LA would not be 
informative about treatment elsewhere if the selection aims to pick the highest-performing 
5% or 10% of pupils in a given year group. Additionally, the broader social context of each 
area may also influence the effectiveness of grammar schools and non-selective alternatives 
for pupils not in grammar schools. This means that the evidence in this study may diverge 
from the national pattern.  
 
Conclusion  
According to the RDD approach, the estimated treatment effect of grammar schools in this 
LA is approximately 4.5 GCSE point scores, which is equivalent to half grade per subject 
(about 10% of the average attainment of pupils below the cut-off point). The results of this 
study partly overlap with the only available RDD research on the grammar school effect in 
England, which revealed that the treatment effect on the Year 9 test score is 7% of the 
average performance of pupils just below the cut-off point (Clark, 2010). The results of this 
study are also within the range of the national pattern of possible grammar school advantage 
presented by Coe et al. (2008).  
 
While the findings partly correspond to previous studies, the estimated effectiveness of 
grammar schools is not a definitive answer. Firstly, the findings are substantially limited by 
the 11+ data, which lacks both information on pupils’ later academic performance, and 
identifiers consistent with any major databases in the UK. Although every precaution was 
made to carefully deal with the 11+ data, many cases in the original 11+ file were omitted. 
This process may have negatively impacted the quality of the evidence which is difficult to 
be compensated for by research design. Therefore, the value of this study lies more in the 
feasibility of applying the RDD approach to generate robust causal evidence of grammar 
schools’ effectiveness, than in the actual estimation results.   
 
Secondly, this study only covers a single LA. Although the characteristics of grammar school 
pupils in this LA do not present obvious differences to other selective LAs, the unbalanced 
chances of attending grammar schools, the varied selection difficulty in each area and the 
broader social context may create dissimilarities in school effectiveness. Therefore, the 
effectiveness of grammar schools revealed in this study is most relevant to the pattern in this 
LA, and may diverge from the national pattern even when the same design is applied. 
According to traditional school effectiveness models such as OLS, the effectiveness of 
  
grammar schools in this LA is higher than the national average. Thus, it is reasonable to 
anticipate that the RDD estimate of the grammar school effect on the national level would 
also be less obvious than the effect in this LA. Additional RDD studies in other LAs are 
needed to present a complete picture. 
 
Lastly, as the treatment effect in this study is yielded through the comparison between 
grammar schools and non-selective mainstream state schools, the estimated grammar school 
effect is not an absolute academic level; it is the benefit in relation to non-selective schools in 
the same LA. While the results may indicate the effectiveness of grammar schools in raising 
academic achievement, they may also be a signal of penalties for other schools in an LA with 
a high proportion of grammar school places. As this study doesn’t reflect impacts on pupils 
outside grammar schools, future research on surrounding schools is needed.  
 
The threats imposed by the availability of the 11+ data are not unique to this study. They are 
also relevant to all future research attempting to present an accurate evaluation of England’s 
selective system. The results of this study reveal that a strong research design which bypasses 
previous limitations in grammar school evaluation is workable. However, a definitive answer 
to grammar school’s effect cannot be reached without transparent disclosure of the national 
11+ data linked to later achievement. Government policy requires the support of hard 
evidence, but the absence of data prevents accurate evaluation, even with the help of effective 
research methods. Based on the high costs of new grammar school places, the small number 
of the potential participants in grammar schools, and the concurrent need to invest in basic 
educational areas in England, grammar school selection data should be disclosed for the 
purposes of research. 
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 R-square of the model  Treatment effect 
Panel A: Models without baseline variables 
Model 1  
(Linear) 0.363 0.538 
Model 2 
(Linear interaction) 0.365 -0.395 
Model 3 
(Quadratic) 0.363 -1.180 
Model 4 
(Quadratic interaction) 0.370 4.572 
Panel B: Models with baseline variables (FSM, IDACI, and EAL) 
Model 5  
(Linear) 0.377 0.595 
Model 6 
(Linear interaction) 0.378 -0.429 
Model 7 
(Quadratic) 0.376 -1.224 
Model 8 
(Quadratic interaction) 0.384 5.209 





 R-square of the model  Treatment effect 
Panel A: Models without baseline variables 
Model 1  
(Linear) 0.202 2.847 
Model 2 
(Linear interaction) 0.203 2.684 
Model 3 
(Quadratic) 0.203 2.212 
Model 4 
(Quadratic interaction) 0.203 5.039 
Panel B: Models with baseline variables (FSM, IDACI, and EAL) 
Model 5  
(Linear) 0.218 3.022 
Model 6 
(Linear interaction) 0.219 2.824 
Model 7 
(Quadratic) 0.219 2.276 
Model 8 
(Quadratic interaction) 0.220 5.554 
Table 3: The robustness check of the parametric estimation (trimmed the outermost 10% at 




























Figure 6: The treatment effect in the parametric approach (quadratic interaction regression 








Figure S1: The relationship between the assignment variable and the average capped GCSE 




Figure S2: The relationship between the assignment variable and the average capped GCSE 
of each subgroup (grouped data) 
  
Appendix 1 - Methods and results of previous studies of the effectiveness of grammar 
schools in England 
The table below includes detailed methods and findings of previous literature discussed in the 
main text. Since some studies have applied extensive sets of explanatory and outcome 
variables, it is not possible to include all their results in detail, and only general patterns are 
presented for comparison. Studies are arranged in the same order as appeared in the main 
text.  
 
The table excludes studies applying the National Child Development Study. In these studies, 
the sample group attended secondary schools from 1969 to 1974, when the reform of 
comprehensive schools occurred. Therefore, the results have limited relevance to today’s 
schools and are not discussed.  
 
Schagen & Schagen, 2003 
Area England 
Data 1) 1998 KS3 to 2000 KS4  
2) 1995 KS2 to 1998 KS3  
Comparison group Grammar schools vs. comprehensive and secondary modern schools 
Model Multiple regression and multilevel modelling 
Explanatory 
variables 
Pupil level: prior attainment, gender, age 
School level: school type, size of school, proportion of FSM pupils 
LA level: proportion of grammar school places of LA 
Outcome 
variable(s) 
1) Total GCSE point score, average GCSE point score 




Effect of grammar 
schools 
1) 3 grades on total GCSE or 0.4 grade per GCSE subject for average 
pupils, no effect for high performers 
2) 0.8 level at KS3 for average pupils (about one year’s progress), no 
effect for high performers 
  
Atkinson, Gregg & McConnell, 2006 
Area 19 LAs with more than 10% grammar school places 
Data 1997 KS2 to 2002 KS4  
Comparison group Grammar schools vs. comprehensive schools in non-selective LAs 
Model OLS multiple regression 
Explanatory 
variables 
Pupil level: prior attainment, gender, age, ethnicity, FSM, SEN, 
English as a second language 
School level: school type, school size, single sex  
Outcome 
variable(s) 
Total GCSE point scores,  




Effect of grammar 
schools 
4 grades on total GCSE or 3 grades on capped GCSE 
  
Levačić & Marsh, 2007 
Area England 
Data 1996 KS2 to 2001 KS4  
  
Comparison group Grammar schools vs. comprehensive schools in non-selective LAs 
Model Multilevel modelling, logistic regression 
Explanatory 
variables 
Pupil level: prior attainment, gender, age 
School level: school type, proportion of FSM pupils, proportion of 
pupils with SEN statements, proportion of white pupils, pupil-teacher 
ratio (average for 1997-2001) 
Outcome 
variable(s) 
Total GCSE/GNVQ points score, 




Effect of grammar 
schools 
6 grades on total GCSE/GNVQ or 25% more likely to achieve 5 A*-C 
on GCSE/GNVQ 
  
Harris & Rose, 2013 
Area Buckinghamshire 
Data Borderline pupils in grammar schools and secondary modern schools, 
who took GCSE between 2007-2009 
Comparison group Grammar schools vs. secondary modern schools 
Model Logistic regression 
Explanatory 
variables 
Matched by pupil’s prior attainment, gender, FSM, birth month, 
Pakistani or not, year of examination 
Outcome 
variable(s) 




Effect of grammar 
schools 
10% more likely to achieve 5 A*-C on GCSE/GNVQ 
  
Gorard & Siddiqui, 2018 
Area England 
Data 2010 KS2 to 2015 KS4 (same results for 2014 and 2016 KS4 cohorts) 
Comparison group 1) Grammar schools vs. other state schools  
2) Grammar schools vs. other state schools in selective LAs 
Model Multi-stage regression models 
Explanatory 
variables 
Pupil level: prior attainment, gender, age, ethnicity, KS4 FSM 
eligibility, whether a pupil has been eligible for FSM in any of the past 
six years, the number of years in total a pupil was eligible for FSM up 
to KS4, IDACI, SEN status, English as an additional or second 
language, whether the pupil moved to the school in the last two years 
School level: school type, segregation residual for FSM status (the 




Capped GCSE point score 
Indicator of 
outcome  
The R value of regression models 





Coe et al., 2008 
Area England 
Data 2001 KS2 to 2006 KS4 
Comparison group Grammar schools vs. other schools 
Model OLS and multilevel modelling 
Explanatory 
variables 
Pupil level: prior attainment, gender, ethnicity, FSM, IDACI,  
School level: school type, average KS2 level, proportion of FSM 
pupils, average IDACI, single sex 
Outcome 
variable(s) 
Total points score on GCSE and equivalents   




Effect of grammar 
schools 




Appendix 2 – Identifying the treatment effect in the ‘fuzzy’ RDD 
In an ideal ‘sharp’ RDD, all individuals who have passed the cut-off point would get the 
treatment and those who have missed it would not. The probability of treatment jumps from 0 
to 1 at the cut-off point. However, in a ‘fuzzy’ RDD, as the jump in the probability of 
treatment at the cut-off point is lower than 1, the discontinuity at the outcome cannot be 
simply regarded as the treatment effect. The treatment effect in a ‘fuzzy’ RDD needs to be 
recovered by calculating the ratio of the gap in the outcome variable and the gap in the 
probability of the treatment at the cut-off point (Jacob et al., 2012; Lee & Lemieux, 2009). 
Therefore, both the outcome variable and the treatment probability on the two sides of the 
cut-off point need to be calculated. Accordingly, the estimation can be written as: 
𝑌𝑖 = 𝜃 + 𝜋𝐷𝑖 + 𝑓0(𝑋𝑖) + 𝜇0𝑖, 
𝑇𝑖 = 𝜂 + 𝜆𝐷𝑖 + 𝑔0(𝑋𝑖) + 𝑣0𝑖, 
where 𝑌𝑖 is the outcome measure for each individual i; 𝑇𝑖 is the treatment dummy; 𝑋𝑖 is the 
assignment variable (𝑋𝑖=0 is the cut-off point); 𝐷𝑖 is the binary indicator of whether 
individual i reached the cut-off point (𝐷𝑖=1 if 𝑋𝑖 ≥ 0); 𝜇 and 𝜈 are the random error for each 
individual. The coefficient 𝜋  is the ‘intend to treat’ effect, and the real treatment effect 
equals the ratio of 𝜋/𝜆 . This is the ratio of the discontinuity in the outcome and the 
discontinuity in the treatment at the cut-off point, as mentioned above. Analytically, the 
regression equations of the treatment effect can be transformed into equations which have 
been presented in the main text: 
𝑌𝑖 = α + β𝑇𝑖 + 𝑓(𝑋𝑖) + 𝑢𝑖,                                             (1) 
𝑇𝑖 = 𝛾 + 𝛿𝐷𝑖 + 𝑔(𝑋𝑖) + 𝑣𝑖,                                            (2) 
where every variable is the same as the above, and the effect of attending grammar school 
which needs to be estimated now equals β.  
 
As mentioned in the main text, when fitting functional forms in equation (1) and (2), the 
slopes of the regression lines are allowed to vary on two sides of the cut-off point. This is 
realised through including interaction terms between the assignment variable (X) and the 
treatment variable (T), as well as the interaction between the assignment variable (X) and the 




Appendix 3 - Alternative sampling strategies 
Instead of only keeping cases which can be uniquely matched, Figure S1 (raw data) and 
Figure S2 (grouped data) below present the difference between grammar schools and non-
selective schools using all of the cases in the 11+ file (including those with the same 
combination of baseline variables). Pupil records in the 11+ file are still matched to the NPD 
based on characteristics, KS2 attainment, and school type. However, instead of linking to the 
individual capped GCSE result as the KS4 attainment indicator, the average capped GCSE 
result of each subgroup with the same combination of background variables is calculated for 
grammar school pupils and their counterparts. While it is impossible to elucidate the 
individual relationship between the 11+ result and the capped GCSE result in this way, it 
presents an overall picture of how each group of pupils with the same characteristics are 
doing in grammar schools and in non-selective schools. Figure S1 presents the average GCSE 
result at each 11+ score. Meanwhile, cases are also grouped into bins, and the number of 
observations within each bin is represented by the size of the dot (Figure S2). In total, 6,732 
records in the 11+ file are matched to the NPD data.  
 
Another alternative for dealing with potential misspecification between the indicator of 
passing the selection (the 11+ file variable) and real attendance in grammar schools (the NPD 
variable) is to first match all grammar school pupils in the NPD to all pupils who passed the 
selection in the 11+ file. Then, the non-grammar school pupils in the NPD can be matched to 
the remaining unmatched cases in the 11+ file. However, after matching, the sample group is 
different from the original cohort in the 11+ file, with the FSM proportion in the former 
being twice as high as in the latter. Therefore, an analysis based on this sample group was not 
conducted.  
 
 
 
